Background {#Sec1}
==========

Assessment of the psychological component of health via rating scales and questionnaires has a long and continuing history. This is exemplified by the work of Goldberg on his General Health Questionnaire (GHQ) item set(s) \[[@CR1]\], but also by many others who have worked on questionnaires measuring "general health" \[[@CR2]\]. Goldberg's GHQ instruments are intended to be scored and used as an assessment of risk for common mental disorder(s) and have become established in health care, help seeking and epidemiological studies including national and cross-national surveys. However, there have also been new and influential measures developed for application in this setting, introduced by researchers from the fields of health promotion, positive psychology, and public (mental) health. Consequently, over the past two decades it has become increasingly common for national and international research studies and health surveys to broaden measurement to a wider range of psychological health concepts in populations \[[@CR3]\]. This has resulted in multi-faceted definitions and new instrument conventions for fieldwork \[[@CR4]\] such that more than one instrument is now likely to be included in health or well-being surveys.

Presently, a number of alternative instruments appear popular. Hence there are choices and opportunities for researchers and survey designers to experiment with different assemblies, subsets and orderings of existing items within and across instruments \[[@CR5]--[@CR7]\]. Our impression is that this has been rare to date and therefore several instruments that may all assess a common construct may exist and have been developed in parallel \[[@CR8]\]. If this argument holds, then there may be no need to invent or introduce new items or instruments, as existing item sets might be sufficient or adequate, and already complement each other in this regard. If this is the case, they can be combined in order to achieve accurate and efficient measurement of population level variation in public health research.

We suggest that, over the past decade, too much of the debate about the measurement of well-being has been about specific instruments, i.e. fixed collections of items, not about the items themselves. Instead of looking at whole instruments and correlations between their scores in order to try to gauge their similarity, the use of item response theory (IRT) based models and joint analysis of items ("co-callibration") \[[@CR8]--[@CR10]\] may be of greater value in advancing understanding and measurement of psychological distress variation (and dimensions). Such activities make it possible to identify useful items, the extent of overlap between instruments and optimal item sets for specific assessment purposes. Even more than that, IRT models can help to support those who might wish to administer assessments in a shorter time, they offer potentially higher face validity for the individual respondents, yet still with a level of precision that is high enough for any given scientific or practical purpose, as befits any particular study or set of surveys. This can be achieved by employing computer-adaptive procedures that do not require researchers to depend on any single specific instrument or measure, but rather to use a broader "pool" of content consisting of a large collection of items calibrated using IRT: a practice that has become known as computerized adaptive testing (CAT) \[[@CR11]\]. Since there is potential for most modern surveys to use technologies that allow items to be administered via apps, on mobile devices or through conventional or cloud-based computing platforms, there is no reason why this technology should not be used to its maximum potential, to support adaptive testing ideas in the field of survey research.

In this paper we present such a joint analysis. Our aim is to combine item sets from two instruments (the GHQ-12 and Affectometer-2) and to offer them as an item bank for general psychological distress \[[@CR12]\] measurement. The main aim of such an analysis is the quantification of similarities and overlap across all items - as well as their item parameters -  that can be used for further implementation as an "item bank". Since we will invoke psychometric principles and models that allow for adaptive measurement, we will also emphasize how the measurement error considered under this approach can enhance narratives about lowest permissible measurement precision across individuals.

To this end, we first compared plausible structural models that were derived from the literature for each instrument and then fit an appropriate latent variable model (from the family of IRT models). This approach allowed us to map GHQ-12 and Affectometer-2 items onto a common dimension measured by both instruments. Hence this general psychological distress \"factor\" (dimension) was defined via bifactor modeling \[[@CR13]\]. Based on this model we next assessed inter-item dependencies and the position of the item parameters on the latent continuum to identify which items of the two instruments were possibly exchangeable \[[@CR14]\] and would align to one metric.

Building on the previous steps, we then explored the feasibility of administering the joint item-set as a computerized adaptive test drawing on the 52-item bank. In the simulation study we took an additional opportunity to compare different estimation procedures and configurations of the CAT algorithms as well as exploring the number of items that are necessary to reliably assess a general psychological distress factor. In doing so we aimed to meet the measurement and practical needs of public mental health researchers.

Methods {#Sec2}
=======

Multi-item questionnaires to be jointly calibrated: integrative data analysis approach {#Sec3}
--------------------------------------------------------------------------------------

Two instruments are introduced as key measures in the dataset chosen for our analysis. We chose instruments for which there is either extensive literature, or interesting items: the former is our justification for using GHQ-12, and the latter for including Affectometer-2.

The 12 - item version of the GHQ is the shortest and probably the most widely used version of the item set originated by Goldberg \[[@CR15]\]. GHQ-12 was developed as a brief, paper and pencil assessment of psychological distress, indicative of common mental disorder (CMD). It identifies those exceeding a threshold on the sum score -- "screen positives" who are at increased risk of  a current diagnosis of anxiety and/or depression (i.e. CMD). GHQ-12 is best considered as a short form of the GHQ-30, which itself comprises half the items in the original GHQ-60 \[[@CR15]\]. The GHQ-30 was intended to be unidimensional and avoided the inclusion of somatic symptoms. Both GHQ-30 and GHQ-12 contain an equal number of positively and negatively phrased items.

The Affectometer-2 is a 40-item scale developed in New Zealand to measure *general happiness* as a sense of well-being based on assessing the balance of positive and negative feelings in recent experience \[[@CR16]\]. Its items contain both simple adjectives and phrases. The Affectometer-2 came to the attention of many UK and international audiences, when it was considered as a starting point for the development of a Scottish population well-being indicator. Comparatively little attention had previously been given to the Affectometer-2 within the UK (only one publication by Tennant and co-authors \[[@CR17]\]). Part of the motivation for our analysis was to understand its items in the context of the latent continuum of population general psychological distress since they developed historically in different contexts and were aimed at different purposes. Our methods allow novel combinations of items to be scored on a single population construct, a latent factor common to the whole set of items, using the widely exploited modeling approach of bifactor IRT \[[@CR18]--[@CR20]\].

Response options, response levels, and scoring {#Sec4}
----------------------------------------------

In contrast to the GHQ-12, which has four ordinal response levels (for positively worded items: not at all, no more than usual, rather more than usual, much more than usual; for negatively worded items: more than usual, same as usual, less than usual, much less than usual), the Affectometer-2 has five ordinal response levels (not at all, occasionally, some of the time, often, all of the time). Some Affectometer-2 items, as the instrument has a mixture of positive and negative phrasing, needed to be reversed (half of them) to score in the same "morbidity" direction. Negative GHQ-12 items\' response levels are already reversed on the paper form and thus their scoring does not need to be reversed. Nonetheless, positive and negative item wording is known to influence responses \[[@CR13], [@CR21], [@CR22]\] regardless of reversed scoring of corresponding items. An approach to eliminate this effect is to model its influence as a nuisance (method) factor in factor analysis, for example by using the bifactor model \[[@CR23]\] or alternative approaches \[[@CR24], [@CR25]\].

Population samples for empirical item analysis {#Sec5}
----------------------------------------------

A dataset of complete GHQ-12 and Affectometer-2 responses was obtained from *n* = 766 individuals who participated in wave 11 (collected in 2006) of the Health Education Population Survey in Scotland (SHEPS) \[[@CR26]\]. This figure comprises effectively half of the total SHEPS sample size that year; the other half was administered the Warwick-Edinburgh Mental Well-Being Scale \[[@CR27]\]. The long running series of SHEPS in Scotland was started in 1996 and was designed to monitor health-related knowledge, attitudes, behaviors and motivations to change in the adult population in Scotland. The questionnaires are administered using computer assisted personal interviewing (CAPI) in respondents\' homes.

Development of the latent variable measurement model and item calibration {#Sec6}
-------------------------------------------------------------------------

To empirically test the structural integrity of the 52 items in the proposed general psychological distress item bank we used multidimensional IRT modeling with bifactor principles underpinning our analyses. We tested a priori the hypothesis that both GHQ-12 and Affectometer-2 items contribute mainly to the measurement of a single dimension (psychological distress). However, apart from this dominant (general) factor, responses might also be influenced by methodological features such as item wording (as noted earlier half of the items in the GHQ-12 and Affectometer-2 are positively worded and half negatively worded).

Several approaches have been suggested to model variance specific to methods factors \[[@CR24], [@CR25]\]. To accommodate the possible influences of such item wording effects when seeking the relevant estimates for the main construct of general psychological distress (GPD) we elected to apply a so-called M-1 model \[[@CR25]\]. This model assumes the existence of a general factor as well as M-1 method latent variables where M stands for specific (nuisance) factors explaining the common variance of items sharing the same wording. In the framework of our study, the M-1 model translates into the general factor accounting for shared variance (here GPD) across all 52 items in our item bank and one specific factor accounting for positively worded items from both measures[1](#Fn1){ref-type="fn"}. Figure [1](#Fig1){ref-type="fig"} provides a graphical representation of the M-1 model.Fig. 1M-1 model of GHQ-12 and Affectometer-2

To demonstrate the relevance of a bifactor approach for our data, we compare its fit to data with a unidimensional solution, i.e. a solution where all items load on a general factor and no specific factors are included. For evaluation of model fit, traditional fit indices were used, including Satorra-Bentler scaled chi-square \[[@CR28]\], comparative fit index (CFI) \[[@CR29]\], Tucker-Lewis fit index (TLI) \[[@CR30]\] and root mean square error of approximation (RMSEA) \[[@CR31]\]. Corrected *χ*^2^ difference test was used for the comparison \[[@CR32]\]. All models were estimated with MPlus \[[@CR33]\] using mean and variance adjusted Weighted Least Squares (WLSMV) estimation. Therefore the resulting model can be referred as the normal ogive Graded Response Model (GRM) \[[@CR34], [@CR35]\].

CAT simulation {#Sec7}
--------------

Before the simulation of the adaptive administration of this item bank could be carried out, the factor analytic estimates needed to be converted to IRT parameters by using the following formulas \[[@CR18], [@CR36]\]; for each item *i* = 1, ... *P* influenced by *m* = 1,...,*M* factors, the discrimination (*α*~*im*~) and *k* IRT thresholds (*t*~*ik*~) on item *i* are
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where *λ*~*im*~ is factor loading of the item on factor *m*, *τ*~*ik*~ are the corresponding item thresholds and the scaling constant 1.7 converts estimates from the normal ogive metric of the factor model into logistic IRT metric needed for the CAT application.

To evaluate the performance of the proposed item bank we set up a Monte Carlo simulation. The simulation can be used to evaluate the efficacy of CAT administration and also the proximity of the latent factor values from the CAT administration (*θ*~*est*~) to the true latent factor values (*θ*~*true*~). In such a setting, a matrix of item parameter estimates from a calibration study and a vector of values of *θ*~*true*~ need to be provided. Also, the IRT model has to be specified. The process can be outlined as follows:Simulate latent factor values from the desired distribution (*θ*~*true*~) which serve as "true" latent distress values of the simulated respondents.

For the purposes of our simulation we first simulated 10,000 *θ*~*true*~ values from standard normal distribution N(0,1) which is the presumed empirical distribution of distress in the general population. These values are therefore used to investigate the functioning of the item bank in its epidemiological context. We also ran a second simulation based on 10,000 *θ*~*true*~ values drawn from uniform distribution U(-3,3). Although such a distribution of distress is unlikely in the general population, the rationale is to eliminate the influence of the empirical distribution of the latent factor on CAT performance.2.Supply item parameter estimates and choose the corresponding IRT model.

In the context of our study, this step means to supply IRT parameters (discriminations and item thresholds) from item calibration and define which model was used for the calibration (normal ogive GRM in our case). Together with the *θ*~*true*~ values simulated from the previous step, this provides the information needed for a simulated CAT administration, because stochastic responses to the items can be generated (see step 4).3.Set CAT administration options

This step involves the selection of a latent factor estimation method, item selection method, termination criteria and other CAT specific settings. It requires careful selection of manipulated options since otherwise the number of cells in the simulation design increases rapidly. In our simulation, we aimed to evaluate the performance of the item bank in combination with the following:Latent factor (*θ*) estimators \[[@CR37]\]:Maximum likelihood estimation (MLE)Bayesian modal estimation (BME)Expected A Priori estimation (EAP).Item selection methods:unweighted Fisher information (UW-FI) \[[@CR38], [@CR39]\]pointwise Kullback-Leibler divergence (FP-KL) \[[@CR40]\]:

For more details about implementation of these algorithms please see \[[@CR41]\]Priors for the distribution of *θ* in the population (only for BME and EAP):(standard) normaluniform.Termination criteria (whichever comes first): a) standard error of measurement thresholds: 0.25; 0.32; 0.40, 0.45, 0.50 or b) all items are administered.

This resulted in the 50 cells in the simulation design matrix. The following settings were kept constant across all cells:Initial *θ* starting values: random draws from U(-1,1)Number of items selected for starting portion of CAT: 3Number of the most informative items from which the function randomly selects the next item of CAT: 1 (i.e. the most informative item is always selected).

Additional parameters can be added to control the frequency of item selection (indeed most informative items tend to be selected too often and the least informative are selected rarely -- this issue is known as item exposure). We do not control for item exposure in our study as it is not considered (yet) to be of great concern in mental health assessment applications, but the simulation study also allowed us to explore the relevance of this aspect for this item bank.4.Simulate CAT administration

Within each of the cells of the simulation design, an administration of the item bank is simulated for each randomly generated *θ*~*true*~ value (from step 1). Based on an initial starting *θ* value, three items are chosen from the item bank (see step 3, initial *θ* starting values) and stochastic responses are calculated for the respective *θ*~*true*~ values. Based on these responses, an initial estimate of the latent factor value is calculated (see step 3, *θ* estimators); for which a new item to present is selected from the item bank (see step 3, item selection methods). This process is repeated until a pre-set termination criterion is reached (see step 3, termination criteria). This process mimics standard CAT applications \[[@CR11]\] and results in estimates (*θ*~*est*~) for each of the simulated *θ*~*true*~.

The CAT simulation analysis was performed in the R package *catIrt* \[[@CR41]\]. Please consult its reference manual \[[@CR41]\] for a full description of available simulation options. Key information was stored for each simulated CAT administration: which items were administered and their order, estimated *θ*~est~ and its standard error after item administration. Computer code is provided in an Additional file [1](#MOESM1){ref-type="media"}.

CAT performance was assessed by means of the number of administered items, mixing of items from GHQ-12 and Affectometer-2 during CAT administration, and by the proximity of *θ*~*est*~ from CAT administration to the simulated *θ*~*true*~. Such proximity can be evaluated based on the root mean squared error, computed as
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Thus, values can be interpreted as the standard deviation of the differences (on the logit scale) between the CAT estimated and the true *θs*. We also present correlations between these two quantities. Lower values of RMSE and correlations closer to unity indicate better performance.

Results {#Sec8}
=======

The left half of Table [1](#Tab1){ref-type="table"} presents factor loadings and thresholds of the M-1 model. Although *χ*^2^ indicates significant misfit (*χ*^2^ = 4653, df = 1248, *p* \< 0.001), other fit indices indicate marginal fit (CFI = 0.922; TLI = 0.917, RMSEA = 0.063). This model showed significant improvement in model fit when compared to the unidimensional solution (*χ*^2^ difference = 948, df = 26, *p* \< 0.001).Table 1Factor loadings (λ) and thresholds (τ) of GHQ-12 and Affectometer-2 itemsItemAbbreviated item wordingM-1 modelUpdated modelλ genλ posτ1τ 2τ 3τ 4λ genλ posAffλ posGHQτ1τ 2τ 3τ 4GHQ 1Able to concentrate0.68−0.12−1.301.011.89-0.58-0.60−1.301.011.89-GHQ 2Lost sleep0.66-−0.140.871.59-0.67\--−0.140.871.59-GHQ 3Play useful part0.60−0.14−0.991.241.91-0.50-0.54−0.991.241.91-GHQ 4Making decisions0.65−0.24−1.081.402.14-0.52-0.61−1.081.402.14-GHQ 5Under strain0.73-−0.450.761.63-0.74\--−0.450.761.63-GHQ 6Overcome difficulties0.76-0.011.151.75-0.77\--0.011.151.75-GHQ 7Enjoy day-to-day activities0.65−0.15−1.240.971.75-0.56-0.49−1.240.971.75-GHQ 8Able to face problems0.64−0.22−1.061.302.04-0.50-0.68−1.061.302.04-GHQ 9Unhappy0.86-0.000.931.62-0.87\--0.000.931.62-GHQ 10Lose confidence0.79-0.141.021.77-0.81\--0.141.021.77-GHQ 11Worthless person0.86-0.581.381.98-0.88\--0.581.381.98-GHQ 12Reasonably happy0.63−0.14−1.011.101.89-0.54-0.53−1.011.101.89-Aff 1Life on the right track0.700.43−1.080.000.531.290.680.46-−1.080.000.531.29Aff 2Change life0.67-−0.830.140.741.640.68\--−0.830.140.741.64Aff 3Future looks good0.620.44−1.27−0.110.481.320.600.47-−1.27−0.110.481.32Aff 4Best years are over0.63-−0.010.661.161.670.64\--−0.010.661.161.67Aff 5Like yourself0.480.49−1.01−0.060.571.360.460.50-−1.01−0.060.571.36Aff 6Something wrong0.77-0.270.911.412.100.78\--0.270.911.412.10Aff 7Handle problems0.480.36−0.850.180.751.530.450.40-−0.850.180.751.53Aff 8Failure0.88-0.391.071.462.220.89\--0.391.071.462.22Aff 9Loved and trusted0.530.51−0.450.541.021.640.510.53-−0.450.541.021.64Aff 10Left alone0.61-0.280.951.472.220.62\--0.280.951.472.22Aff 11Close to people0.520.54−0.480.560.991.810.500.57-−0.480.560.991.81Aff 12Lost interest0.72-0.561.121.772.620.73\--0.561.121.772.62Aff 13Do whatever want0.490.33−1.26−0.390.280.970.460.37-−1.26−0.390.280.97Aff 14Life stuck0.81-−0.270.561.041.670.82\--−0.270.561.041.67Aff 15Energy to spare0.420.21−1.98−0.92−0.080.830.400.27-−1.98−0.92−0.080.83Aff 16Can't be bothered0.66-−0.680.461.082.140.67\--−0.680.461.082.14Aff 17Smiling a lot0.580.30−1.330.040.651.620.560.35-−1.330.040.651.62Aff 18Nothing fun0.69-−0.110.801.332.010.70\--−0.110.801.332.01Aff 19Thinking creatively0.530.48−1.190.020.661.580.510.50-−1.190.020.661.58Aff 20Thoughts useless0.76-−0.030.651.272.100.77\--−0.030.651.272.10Aff 21Satisfied0.660.47−1.37−0.020.601.630.640.50-−1.37−0.020.601.63Aff 22Optimistic0.440.44−1.44−0.160.431.360.430.43-−1.44−0.160.431.36Aff 23Useful0.510.41−1.130.180.821.700.490.45-−1.130.180.821.70Aff 24Confident0.620.45−1.170.050.711.590.610.47-−1.170.050.711.59Aff 25Understood0.410.41−1.280.010.791.580.400.41-−1.280.010.791.58Aff 26Interested in others0.400.46−0.770.400.921.740.370.50-−0.770.400.921.74Aff 27Relaxed0.670.29−1.37−0.100.561.480.660.31-−1.37−0.100.561.48Aff 28Enthusiastic0.550.46−1.51−0.180.501.500.530.50-−1.51−0.180.501.50Aff 29Good natured0.460.45−0.850.471.092.180.430.49-−0.850.471.092.18Aff 30Clear headed0.530.48−0.860.290.821.670.510.49-−0.860.290.821.67Aff 31Discontented0.73-−0.290.671.272.040.74\--−0.290.671.272.04Aff 32Hopeless0.86-0.471.061.602.260.87\--0.471.061.602.26Aff 33Insignificant0.80-0.321.051.592.220.81\--0.321.051.592.22Aff 34Helpless0.78-0.441.071.552.180.79\--0.441.071.552.18Aff 35Lonely0.68-0.130.871.262.070.69\--0.130.871.262.07Aff 36Withdrawn0.83-0.230.911.492.260.84\--0.230.911.492.26Aff 37Tense0.67-−0.720.320.941.830.68\--−0.720.320.941.83Aff 38Depressed0.86-0.100.791.251.830.87\--0.100.791.251.83Aff 39Impatient0.41-−1.090.160.872.180.41\--−1.090.160.872.18Aff 40Confused0.65-0.141.001.582.310.66\--0.141.001.582.31

Contrary to what we expected based on the literature, the GHQ-12 positive items did not load on the positive factor (all items show low negative loadings) suggesting that positive items from both instruments do not have much shared variance after accounting for the general factor. Therefore, the updated model considered positively worded items from GHQ-12 and Affectometer-2 (posGHQ and posAff factors respectively) to be separate but correlated factors. The fit to data of this updated model was better compared to the M-1 model (*χ*^2^ = 3135, df = 1247, p \< 0.001; CFI = 0.957; TLI = 0.954, RMSEA = 0.047), and direct comparison of both models revealed significant improvement over the M-1 model (*χ*^2^ difference = 321, df = 1, *p* \< 0.001). This model was statistically better motivated given the high loadings for the positively worded GHQ-12 items (on the corresponding specific factor). Finally, this model showed better fit in comparison to the unidimensional model (*χ*^2^ difference = 1320, df = 27, *p* \< 0.001). Factor loadings and thresholds are presented in the right half of Table [1](#Tab1){ref-type="table"}.

The correlation between the two factors accounting for positively worded items was statistically significant (*p* = 0.003) though small (0.143) suggesting relative independence of the positive wording method factors in GHQ-12 and Affectometer-2. Item loadings for both measures on the general factor were, with the exception of Affectometer-2 item "Interested in others" (Aff 26), all larger than 0.4 which has been suggested as a reasonable cutoff value \[[@CR42]\]. This suggests that all covariances of items in our item bank could be explained to a reasonable extent by the single latent factor hypothesized as a population continuum of "general psychological distress". This interpretation is supported by an *ω*~H~ = .90, which indicates that responses are dominated by this single general factor \[[@CR18], [@CR36], [@CR43]\].

After the joint calibration on the general factor, it is possible to compare the conditional standard error of measurement (SEM) for the general factor when using either all items or specific subsets of items from the item bank. The comparison of measurement errors of individual instruments revealed that both the GHQ-12 and the Affectometer-2 were best suited to assess more distressed states: Factor estimates above the population mean ("0" in Fig. [2](#Fig2){ref-type="fig"}, i.e. more distressed individuals), were associated with a lower standard error of measurement and thus more precisely assessed. The difference between these two item sets was mainly due to their differences in test length as well as the number of response categories (both favour the Affectometer-2). Figure [2](#Fig2){ref-type="fig"} also shows the conditional measurement error for those 12 items from the 52-item bank that are optimally targeted at each distress level to explore whether the item bank improves upon the GHQ-12. In steps of 0.15 along the GPD continuum (x-axis) those 12 items with the highest information function for each specific distress level were selected and their joint information *I*(*θ*) was converted into the conditional measurement error ($\documentclass[12pt]{minimal}
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The solid line in Fig. [2](#Fig2){ref-type="fig"} shows measurement error along distress levels of the combined instruments. It can also be viewed as a justification for our most stringent termination criteria with respect to SEM in our simulation (see Methods section): SEM values below 0.25 cannot be achieved with this item bank and therefore it makes little sense to include them in the simulation.

Transformation of factor analytic estimates into relevant IRT parameters {#Sec9}
------------------------------------------------------------------------

For the final model considered in our item bank, negative items load on the general factor (distress) only but positive items load on both the general as well as one of the method factor (posGHQ and posAff respectively). Therefore, the number of dimensions for negative items is *M* = 1 but for positive items *M* = 2. As noted previously, to eliminate the influence of item wording, we considered and converted IRT estimates only for the general factor in this model (CAT algorithms for item banks where specific factors are deemed to add further substantive information appear elsewhere \[[@CR44]\]). Converted IRT estimates of the items included in our bank are presented in Table [2](#Tab2){ref-type="table"}.Table 2IRT parameter estimates (in logistic metric) of GHQ-12 and Affectometer-2 itemsItemAbbreviated item wordingNr. of times Administered^a^αt~1~t~2~t~3~t~4~*θ* ~*true*~ \~ N(0,1)*θ* ~*true*~ \~ U(-3,3)GHQ 1Able to concentrate14011051.75−3.953.085.75-GHQ 2Lost sleep229520101.53−0.321.993.63-GHQ 3Play useful part86526271.27−2.503.124.81-GHQ 4Making decisions56022861.46−3.073.976.08-GHQ 5Under strain407142651.87−1.131.934.11-GHQ 6Overcome difficulties461822792.070.043.084.69-GHQ 7Enjoy day-to-day activities47521521.42−3.152.474.46-GHQ 8Able to face problems37419471.59−3.364.116.46-GHQ 9Unhappy757861382.940.013.175.48-GHQ 10Lose confidence492230772.310.392.935.07-GHQ 11Worthless person105524493.072.034.846.97-GHQ 12Reasonably happy100727571.39−2.602.844.87-Aff 1Life on the right track842069032.01−3.19−0.011.583.80Aff 2Change life368644051.58−1.940.321.713.81Aff 3Future looks good316841751.57−3.35−0.291.273.48Aff 4Best years are over0191.41−0.021.472.563.70Aff 5Like yourself128730311.08−2.35−0.141.333.16Aff 6Something wrong325730662.150.742.493.865.77Aff 7Handle problems75123400.96−1.810.381.603.25Aff 8Failure413441933.351.484.035.488.33Aff 9Loved and trusted193429011.29−1.141.372.574.14Aff 10Left alone091.340.602.063.194.81Aff 11Close to people189331011.29−1.251.472.584.70Aff 12Lost interest081.821.402.794.416.52Aff 13Do whatever want101627940.98−2.65−0.830.592.04Aff 14Life stuck778080802.46−0.801.693.125.01Aff 15Energy to spare1959520.77−3.84−1.78−0.161.61Aff 16Can't be bothered249337711.54−1.561.042.484.91Aff 17Smiling a lot113028811.28−3.020.081.473.67Aff 18Nothing fun314122301.67−0.261.903.184.80Aff 19Thinking creatively129930321.23−2.880.041.603.81Aff 20Thoughts useless603141532.06−0.091.753.395.62Aff 21Satisfied465542181.85−3.98−0.061.734.74Aff 22Optimistic58723070.92−3.08−0.340.932.91Aff 23Useful95427271.11−2.580.411.863.87Aff 24Confident157932261.61−3.100.131.884.21Aff 25Understood30313700.83−2.650.031.633.27Aff 26Interested in others241320.80−1.660.861.993.75Aff 27Relaxed429947031.66−3.42−0.261.413.70Aff 28Enthusiastic171933481.31−3.76−0.441.243.73Aff 29Good natured67023790.97−1.911.062.464.90Aff 30Clear headed156832381.24−2.080.701.984.04Aff 31Discontented446238091.87−0.741.693.225.16Aff 32Hopeless207930003.021.633.675.557.84Aff 33Insignificant292324172.320.933.024.586.39Aff 34Helpless240925412.221.232.984.336.08Aff 35Lonely091.640.312.042.984.89Aff 36Withdrawn556550272.590.712.824.627.02Aff 37Tense276339371.58−1.670.752.194.24Aff 38Depressed786568623.000.362.724.306.30Aff 39Impatient402310.77−2.030.291.624.07Aff 40Confused0101.490.322.273.565.23^a^Number of times the items was administered out of 10,000 simulated CAT administration for SEM = 0.32, MLE and UW-FI item selection algorithm

CAT simulation {#Sec10}
--------------

We used IRT parameters from Table [2](#Tab2){ref-type="table"} and a vector of 10,000 values of *θ*~*true*~ sampled from the standard normal and uniform distributions as an input for our simulation. We then manipulated (1) *θ* estimator, (2) item selection method, (3) termination criteria and (4) prior information on distress distribution in the population (for BME and EAP estimators).

To evaluate the efficacy of CAT administration we present the number of administered items needed to reach \>the desired termination criteria in Table [3](#Tab3){ref-type="table"}. The results indicate that, to reach a high measurement precision \[[@CR45], [@CR46]\] of the score (i.e. standard error of measurement (SEM) = 0.25), 23--30 items on average need to be administered regardless of *θ* estimator, item selection method, or *θ*~*true*~ distribution. Not surprisingly, the number of items needed decreases dramatically as the desired SEM cutoff increases (and thus measurement precision decreases). For example, when the desired SEM cutoff is 0.32, CAT administration requires on average 10--15 items; and only 4--7 items are required for a SEM cutoff of 0.45. It is not surprising that maximum likelihood-based and Bayesian *θ* estimators with non-informative (uniform) priors are similarly effective since they are formally equivalent. However, the normal prior helps to further decrease the number of administered items, even for uniformly distributed *θ*~*true*~ values. Information-based and Kullback-Leibler item selection algorithms are similarly effective.Table 3Mean (standard deviation) number of administered itemsTheta estimatorItem selectionPriorSEM threshold *θ* ~*true*~ \~ N(0,1)SEM threshold *θ* ~*true*~ \~ U(-3,3)0.250.320.400.450.500.250.320.400.450.50MLEUW-FI-25 (13)12 (6)7 (3)6 (2)5 (2)29 (17)15 (9)9 (5)7 (3)5 (3)MLEFP-KL-25 (13)12 (6)7 (3)6 (2)5 (2)29 (17)15 (9)9 (5)7 (3)6 (3)BMEUW-FINormal23 (12)10 (5)5 (2)4 (2)3 (1)28 (17)13 (7)7 (4)5 (3)4 (2)BMEUW-FIUniform25 (13)12 (6)7 (3)6 (3)5 (2)29 (17)15 (9)9 (5)7 (4)6 (3)BMEFP-KLNormal23 (12)10 (5)5 (2)4 (2)3 (1)28 (17)13 (7)7 (4)5 (3)4 (2)BMEFP-KLUniform25 (13)12 (6)7 (3)6 (3)5 (2)29 (17)15 (9)9 (5)7 (4)6 (3)EAPUW-FINormal23 (12)11 (5)6 (2)5 (2)4 (1)28 (17)13 (7)7 (4)5 (3)4 (2)EAPUW-FIUniform26 (13)13 (6)8 (3)6 (2)5 (2)30 (17)15 (9)9 (4)7 (3)6 (2)EAPFP-KLNormal23 (12)11 (5)6 (2)5 (2)4 (1)28 (17)13 (7)7 (4)5 (3)4 (2)EAPFP-KLUniform26 (13)13 (6)8 (3)6 (2)5 (2)30 (17)15 (8)9 (4)7 (3)6 (2)

Table [4](#Tab4){ref-type="table"} shows the mixing of items from both GHQ-12 and Affectometer-2 when jointly used for CAT administration. Such mixing is relatively stable across all scenarios for high measurement precisions. The variability across scenarios increases with decreasing demands for measurement precision. Note, that the percentage of GHQ-12 items within the item bank was 23.1 %. We emphasize that neither item exposure control nor content balancing was used in our simulations.Table 4Mean % of GHQ-12 items in the CAT administered itemsTheta estimatorItem selectionPriorSEM threshold *θ* ~*true*~ \~ N(0,1)SEM threshold *θ* ~*true*~ \~ U(-3,3)0.250.320.400.450.500.250.320.400.450.50MLEUW-FI-19.723.124.224.623.920.721.525.025.824.9MLEFP-KL-19.522.924.024.123.820.621.224.424.924.4BMEUW-FINormal20.424.828.128.132.720.722.024.524.929.0BMEUW-FIUniform19.522.323.022.120.820.620.623.524.122.9BMEFP-KLNormal20.225.028.328.632.820.722.024.825.930.3BMEFP-KLUniform19.322.322.821.820.920.320.923.523.322.3EAPUW-FINormal20.123.926.627.828.320.521.423.724.326.4EAPUW-FIUniform19.522.525.024.926.020.721.225.426.825.1EAPFP-KLNormal19.924.027.128.029.420.521.624.224.627.4EAPFP-KLUniform19.722.125.223.325.820.221.324.825.425.3% of GHQ-12 items in the item bank: (12/52)\*100 = 23.1 %

Values of RMSE between final *θ* estimates from CAT administration (*θ*~*est*~) and their corresponding values of *θ*~*true*~ are provided in Table [5](#Tab5){ref-type="table"}.Table 5Root mean square errors (RMSE) between CAT estimated *θ*s and true *θ*sTheta estimatorItem selectionPriorSEM threshold *θ* ~*true*~ \~ N(0,1)SEM threshold *θ* ~*true*~ \~ U(-3,3)0.250.320.400.450.500.250.320.400.450.50MLEUW-FI-0.2530.3180.4010.4490.4890.2660.3220.4020.4570.499MLEFP-KL-0.2530.3190.4010.4480.4880.2660.3240.4020.4570.497BMEUW-FINormal0.2510.3220.4070.4530.4760.2790.3550.480.5580.619BMEUW-FIUniform0.2570.3180.4010.4470.4910.2660.3180.4010.4510.502BMEFP-KLNormal0.2510.3220.4060.4480.4740.2790.3550.480.5550.619BMEFP-KLUniform0.2590.3180.3950.440.4840.2630.3220.3960.4520.491EAPUW-FINormal0.2470.3130.3830.4290.4650.2760.3450.4480.5160.575EAPUW-FIUniform0.2530.3150.3830.4220.4620.2610.3190.390.430.466EAPFP-KLNormal0.2470.3130.3830.4270.4680.2760.3460.4470.5120.585EAPFP-KLUniform0.2530.3150.3770.4220.4630.2630.3190.3850.430.465

Results show that the square root of mean square deviations between the true and estimated *θ* values lies between 0.247 and 0.619 logit (i.e. between 0.15 and 0.36 standard deviation).

Another traditional approach for evaluating the proximity of the estimated and true *θs* is the correlation coefficient. Figure [3](#Fig3){ref-type="fig"} therefore provides scatterplots of *θ*~*true*~ on the x-axis and the final estimates *θ*~*est*~ from the CAT administration on the y-axis (for the UW-FI method of item selection).Fig. 3Scatterplots and correlations between CAT estimated *θ*s and true *θ*s for **a**) *θ* ~*true*~ \~ N(0,1) and **b**) *θ* ~*true*~ \~ U(-3,3)

The red line represents perfect correlation between *θ*~*true*~ and *θ*~*est*~, the blue one shows the fitted regression line. Figure [3](#Fig3){ref-type="fig"} also shows no systematic bias of CAT estimated *θs* for all SEM cutoffs (dots are distributed symmetrically along the red line). As expected, correlation is lower as the measurement precision decreases, though it is still around 0.9 even for a SEM cutoff of 0.50.

Discussion {#Sec11}
==========

The development of an item bank for measurement of psychological distress is a timely challenge amid public mental health debates over measuring happiness /well-being or depression \[[@CR47]--[@CR51]\]. In this paper we have presented, to our knowledge, the first calibration of items to measure GPD "adaptively" focusing on practical issues in the transition from multi-instrument paper and pencil assessments to modern adaptive ones based on item banks created from *existing validated* items. We chose the GHQ-12 and the Affectometer-2 because they are close in terms of content, and target population \[[@CR16]\] but were derived differently. We have demonstrated that their items measure a common dimension, which is in keeping with others' prior notions of general psychological distress. Potentially more instruments targeting the same or similar constructs can be combined to develop large item banks desirable for adaptive testing. Thus, we do not necessarily need to invent new instruments or items - we can instead combine existing and validated ones[2](#Fn2){ref-type="fn"}.

Importantly, the combination of both instruments leads to an item bank which is more efficient than using either instrument on its own. Compared to the GHQ-12, using the same number of items results in a higher measurement precision (dash-dotted  line in Fig. [2](#Fig2){ref-type="fig"}) and compared to the Affectometer-2 a smaller number of items will result in sufficient measurement precision for a broad range of distress levels and assessment applications. In addition, although the Affectometer-2 already consists of 40 items, the simulation study (Table [4](#Tab4){ref-type="table"}) shows that the GHQ-12 complements its coverage of the latent construct. These can be seen as considerable advantages over the traditional use of single instruments.

Pooling and calibration of this relatively small set of items required subtle analytic considerations regarding positive wording of items present in both GHQ-12 and Affectometer-2. To eliminate the influence of wording effects on our general factor we used the M-1 modelling approach \[[@CR25]\]. A model with a single method factor accounting for the positive wording used by items in both measures was compared to an alternative model with separate method factors for positively worded items in the GHQ-12 and Affectometer-2. Low method factor loadings of GHQ-12 items and only marginal fit of the former model suggest the superiority of the latter model. Interestingly, results show the positive factors from each measure to be relatively independent.

A large literature has considered the potential multidimensionality of the GHQ-12 \[[@CR52]--[@CR54]\]. Usually two correlated factors, one for positive and one for negative items, have been reported. Some authors have interpreted this finding as evidence for the GHQ-12 measuring positive and negative mental health. Others have voiced the concern that the second factor is mostly a methods artifact \[[@CR55]\] due to item wording. Our item response theory based factor analysis suggests that it probably is not the former, because if the items of the GHQ-12 and the Affectometer-2 were designed to assess positive mental health with the positively phrased items and mental distress with the negatively phrased ones, then this should be mirrored by a two-factor solution across both instruments. Instead, in our models, GHQ-12 and Affectometer-2 need separate method factors to explain left-over variance in the positively phrased items. This suggests that there is little support for either the same response tendency or the same latent construct underlying the positively worded items across both instruments. This is an important finding, since it indicates first that both instruments, across all their items, assess a single dimension and secondly, that the additional variance in the positively phrased items needs at least two relatively uncorrelated variables as an adequate explanatory model. There is of course interest in exactly what these factors capture, but this is difficult to say without external validation data \[[@CR8]\]. It could be, for example, that one of them actually is a pure methods factor, while the other captures a component of positive affect \[[@CR56], [@CR57]\]. How relevant this latter question is, remains to be seen, since our results improve further on the current state of this debate: A reliability estimate of *ω*~H~ = .90 for the general psychological distress factor highlights that the systematic variance connected with the positively phrased items of both instruments comprises only a marginal proportion of the total variance in responses.

Most importantly for our purposes here, it is the factor loadings on the general factor from a model with separate method factors for positively worded items that were transformed into IRT parameters to calibrate our general psychological distress (GPD) continuum. These were then used as input for our simulation of the efficacy of CAT administration of this candidate item bank. Depending on the combination of *θ* estimator and item selection method, the average number of items required for CAT administration to reach a SEM cutoff of 0.32 typically required for studies using individual level assessment ranged from 10 to 15. The number of administered items can be further reduced if lower precision is acceptable (see Table [3](#Tab3){ref-type="table"}). These figures show evidence of high efficiency and therefore the usefulness of CAT administration to reduce burden on respondents. However, these results have to be judged within the CAT context and they do not provide information on the number of items needed for a self-report approach to distress assessment with traditional fixed-length questionnaires. The CAT application uses a set of different questions for each respondent optimized for their respective distress levels. Fixed-format questionnaires do not have this flexibility and unless they are targeted at a specific factor level, they probably need to be (much) longer than the results of the CAT simulation indicate \[[@CR12], [@CR58]\].

In our simulation we selected frequently used options to show how different combinations of CAT settings may affect the number of administered items. In terms of efficacy, the results suggest rather similar performance of most of them. However, an informative (standard normal) prior helps to further reduce the number of items, especially for lower measurement precisions. Researchers should be cautious when specifying informative priors though, as priors not corresponding with the population distribution may have an adverse effect on the number of administered items \[[@CR59]\].

We believe that our argument and technical work are illustrative and compelling as a justification for future fieldwork. However, there are clearly some limitations of our study. It is important to recognize that the simulation may show slightly over-optimistic results in terms of CAT efficiency. This is because the idealized persons' responses to items during our CAT simulation are based on modelled probabilities and thus follow precisely the item response model used for calibration. Thus the extent of model misfit from the empirical samples is not taken into account by this work. When items are calibrated using a very large sample of respondents, this is not a big issue, but our calibration sample was of only a moderate size and therefore our item bank may need re-calibration in larger empirical datasets. We are not aware of any existing large dataset that allows this, but it could become a priority to explore such a dataset.

An aspect important for future content development is the GPD factor itself. Here, we offer this term over the original terminology ("common mental disorder") frequently associated with the GHQ because our item bank includes Affectometer-2 items and therefore the measured construct is broader. Looking at the items that have been used in the past, approaches to measure GPD currently range from symptoms of mental disorders, a perspective which overlaps with the GHQ-12 tradition \[[@CR60]--[@CR62]\], to definitions based on the affective evaluation, closer to the underlying rationale of the Affectometer-2 \[[@CR56], [@CR57]\]. These, sometimes more deficit oriented perspectives can then be contrasted with similar assessments based on positive psychology or well-being theories \[[@CR27], [@CR63]\]. The interrelations of these frameworks are currently under-researched and more integrative research on these is needed \[[@CR8], [@CR64], [@CR65]\]. It should be noted that while our analysis presents evidence for overlap between two of these positions, this does not cover all relevant frameworks, nor do we present evidence for predictive or differential validity of the item sets, which would have been beyond the scope of this work.

Conclusions {#Sec12}
===========

The CAT administration of the proposed item bank consisting of GHQ-12 and Affectometer-2 items is more efficient than the use of either measure alone and its use shows a reasonable mixing of items from each of the two measures. The approach outlined in this manuscript combines previous work on data integration and multidimensional IRT, and together with other important and similarly minded developments in the field \[[@CR66]--[@CR68]\] illustrates a possible future of quick and broad assessments in epidemiology and public mental health.
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BME

:   bayesian modal estimation

CAPI

:   computer assisted personal interviewing

CAT

:   computerized adaptive testing

CFI

:   comparative fit index

CMD

:   common mental disorder

EAP

:   Expected A Priori

FP-KL

:   pointwise Kullback-Leibler divergence

GHQ

:   General Health Questionnaire

GPD

:   general psychological distress

GRM

:   graded response model

IRT

:   item response theory

MLE

:   maximum likelihood estimation

RMSE

:   root mean squared error

RMSEA

:   root mean square error of approximation

SEM

:   standard error of measurement

SHEPS

:   Scottish Health Education Population Survey

TLI

:   Tucker-Lewis index

UW-FI

:   unweighted Fisher information

WLSMV

:   mean and variance adjusted Weighted Least Squares

The selection of modelling a specific factor for negatively or positively worded items is arbitrary and depends on the selection of "reference wording". We selected the negative wording as our reference type of wording.
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